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Modern Data Processing

e \We have more data than ever before
e Data analysis is how we derive insights and value
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Data Analysis is Built on Matrix Computation

e Examples include

© Machine Learning
o Graph Algorithms
o  Scientific Computing

e => All are forms of sparse matrix computation

e Massive opportunity to improve performance on sparse matrices, in

particular SpMV (Sparse Matrix Vector Product)



Background

e Custom formats and representations have been a large area of focus
o COO, CSR, BSR, DIA, ELL ...

e Format optimizations require significant code/data rewrite but
performance benefits make it worthwhile
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Why is improving SpMV difficult?

e 2 FLOPS/Byte ->low data reuse
e Caching can’t help us here

o Focus on matrices greater than 1M nonzeros (> 12MB in CSR)
e Memory bandwidth becomes the limit

for (int i=0;i<M/B;i++) {
for(int k=1i*B;k< (i+1l) *B; k++) {
for (int j=row ptr[i];j<row ptr[k+1l];j++)
yl[il+=val[j]l*x[col idx[]j]];
}

CSR SpMV



Compute Performance is Outstripping Memory Bandwidth
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New Approach to Accelerating SpMV

CPU Cores + UDP
i Expanded
CSR Blocks

Goal: Use CPU-UDP heterogeneous
architecture to overcome memory bandwidth
limits through compressed encoding of data

Compressed

CSR Blocks




UDP (Unstructured Data Processor)

e We use the UDP, a data recoding accelerator, to help with data
transformation (MICRO ‘15, MICRO “17)

e UDP is a software programmable accelerator that works with a CPU
e UDP is a low power, high throughput accelerator (tiny)

e Direct memory integration



UDP Advantage

Compress MSR Xpress [FCCM’15]

Compress IBM Com [PACT’12] Regex HARE [MICRO'16]

e UDP unifies many data

Parse IBM XML [PACT’12]
Regex Micron AP [TPDS’14]

proceSSIng accelerato s Decode Oracle DAX [ISSCC’15] HEEUARIMICRO ]

Histogram ETH FPGA [SIGMOD’14]

e Software programmable
e Perfect for SpMV because of high throughput, low power, and

direct memory integration




UDP Architecture

® 64 Lane MIMD accelerator

o Each lane has scratchpad memory
and data registers

e 14nm process, 8.7 mm? chip area

e 1.6 Ghz and 160 mW

e Used for data transformation
workloads that perform poorly on
traditional CPU architecture

Task & Data Parallelism

Local Memory

- ——————
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UDP Performance (1 UDP vs 8 CPU threads)

e >4x speedup on Snappy
decompression

e >100x speedup on
Huffman Decoding
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UDP Power Savings (1 UDP vs 8 CPU threads)
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Data Decompression Workload

Custom data encode/decode chosen for
SpMV on CSR

Serial Pipeline
o Huffman Decoding
o Snappy Decompression
o Delta Decoding

Data passes through UDP and is
decompressed en route to CPU

Diff Snappy Huff
\ /
| DSH_unpack

—— Library

UDP
Programs

UDP
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Example Integration into CPU Code

for (int i=0;i<M/B;i++) {
for (int i=0;i<M/B;i++) {
for(int k=i*B;k<(i+1l) *B; k++) {
for (int j=row ptr[il];j<row ptr[k+1l];j++)
y[il+=val[j]*x[col idx[3]];
}
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Evaluation

e Question: Can we decompress matrix data from memory on the fly to
improve SpMV performance?

e Dataset: 369 representative matrices from TAMU Sparse Matrix

Collection

o 1M to 8B Nonzeros
o Sparsity from 9.4E-7 to 19% (Median 0.019%)

e Data Decompression Workload: 8 KB blocks, parallel, across UDP
lanes

15



Compression Effectiveness on CSR

e Highlights 7
challenging
matrices, per
Department of
Energy

e ~7/B/nzfor7
~5 B/nz for 369

CSR Nonzero:
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Compression Effectiveness
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Matrix Decompression Throughput
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" CPU (32 Threads)

m UDP (64 Lanes)

e UDP does 8KB block in
21.7 useconds

e Scale across lanes and
multiple UDPs

e Provides >6x geomean

speedup over 32
thread Xeon CPU
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SpMV Performance with DDR4 Memory
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Can we decompress on a CPU?
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UDP Can Even Keep Up With HBM2 -
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Power Savings .
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Why use heterogeneous architecture?

e Unproductive to add UDP capabilities to CPU
o Specialized hardware for specialized applications
o Software Programmability enables wide variety of use cases

e Huge power savings

e Faster transformation
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Related Work

e SpMV Software Optimization (Elafrou, ICPP “17)

o Classifier to choose best optimization based on matrix sample

e SpMV Format Optimization (Kreutzer SIAM “14)

o Unified format for wide SIMD units

e SpMV Hardware Acceleration (Fowers ISCA “16)

o FPGA accelerator to expose parallelism across rows

e Compression Hardware Accelerators (Fowers FCCM “15)
o Pipelined LZ and Huffman accelerator (5.6 GB/s)



Summary

e Choice of matrix encoding can improve performance (moving
information, not machine datatypes)

e UDP can recode dynamically at memory speeds (100s of GB/s) and low
power usage (< 1W)

e UDP complements CPU with 1800x better energy efficiency on data
transformation

Improved SpMV Performance

e 2.4x performance increase, 1600 Gflops/s (HBM2)
e 50% memory power savings at fixed performance (33W - 51W)
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Future Work

e SpMV
o Look into other matrix operations and corresponding storage formats
o Deep learning training and inference

e UDP
o Database - faster analytics computations (filtering, parsing, etc)
o NIC - computation on the wire
o Storage systems - filtering, real time computations
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